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Application of field based high-throughput phenotyping (FB-HTP) methods for 2 
monitoring plant performance in real field conditions has a high potential to accelerate 3 
the breeding process. In this paper, we discuss the use of a simple tower based remote 4 
sensing platform using modified single-lens reflex cameras for phenotyping yield traits 5 
in rice under different nitrogen (N) treatments over three years. This tower based 6 
phenotyping platform has the advantages of simplicity, ease and stability in terms of 7 
introduction, maintenance and continual operation under field conditions. Out of six 8 
phenological stages of rice analyzed, the flowering stage was the most useful in the 9 
estimation of yield performance under field conditions. We found a high correlation 10 
between several vegetation indices (simple ratio (SR), normalized difference vegetation 11 
index (NDVI), transformed vegetation index (TVI), corrected transformed vegetation 12 
index (CTVI), soil-adjusted vegetation index (SAVI) and modified soil-adjusted 13 
vegetation index (MSAVI)) and multiple yield traits (panicle number, grain weight and 14 
shoot biomass) across a three trials. Among all of the indices studied, SR exhibited the 15 
best performance in regards to the estimation of grain weight (R
2
 = 0.80). Under our 16 
tower-based field phenotyping system (TBFPS), we identified quantitative trait loci 17 
(QTL) for yield related traits using a mapping population of chromosome segment 18 
substitution lines (CSSLs) and a single nucleotide polymorphism data set. Our findings 19 
suggest the TBFPS can be useful for the estimation of yield performance during early 20 
crop development. This can be a major opportunity for rice breeders whom desire high 21 
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HTP: High throughput phenotyping 1 
IR64: IR-64 2 
LAI: Leaf area index 3 
LV: Late vegetative phase 4 
LVA: Late vegetative phase -A 5 
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SLR: Single-lens reflex 1 
SPAD: Soil and plant analyzer development 2 
SR: Simple ratio 3 
T: Transgenic line 4 
TBFPS: Tower-based field phenotyping system  5 
TSAVI: Transformed soil-adjusted vegetation index 6 
TVI: Transformed vegetation index  7 
U. Tokyo: The University of Tokyo 8 
VIs: Vegetation indices 9 
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Achieving maximum grain yield with fewer input costs is the ultimate goal of 2 
intensive rice production. A key step in this process lies in identifying rice varieties that 3 
enable farmers to produce higher yield with minimum use of water and fertilizer. The 4 
rapid development of such rice varieties needs an advanced breeding system to surpass 5 
the traditional approaches. To accelerate the breeding of novel agricultural traits to 6 
produce environmentally adapted varieties with which require fewer input costs, new 7 
technologies which bridge the gap between genotype and phenotype are essential for 8 
plant researchers (Furbank, 2009; Fiorani and Schurr, 2013; Pieruschka and Lawson, 9 
2015). Now high throughput phenotyping is one of the key technological solutions 10 
being explored to fill this gap.  11 
While efforts are being taken to achieve this goal, drawbacks related to the 12 
traditional phenotypic methodologies makes this process very slow. Traditional 13 
phenotyping methodologies are often time-consuming and labor intensive because of 14 
the abundance of manual operations. Since additionally, these methods are often 15 
destructive, which makes it impossible to do sequential measurements on the same 16 
plant. In order to speed up the varietal development process the development of a 17 
high-throughput phenotyping (HTP) platform that allows fully automated crop image 18 
acquisition and advanced image processing technology is necessary (Li et al., 2014). 19 
Plant analysis via image based systems has been well studied since the 1980s (Omasa, 20 
1990; Omasa et al., 2002), with recent works focused on a broad range of topics within 21 
agriculture. 22 
It is suggested that high throughput phenotyping is key to the data mining of the 23 




































































traits are important to archive in order to clarify the black box interactions between the 1 
genotype and the environment. This can be accomplished by considering their 2 
interaction (George et al., 2014) or through linking the phenotypic data with different 3 
-omics data like genomes, transcriptomes, proteomes, metabolomes and metagenomes 4 
in field trials (Alexandersson et al., 2014). Thus, there is a need for simple and robust 5 
FB-HTP system for estimating phenotypic traits at the field level. Recently, there is a 6 
boom of constructing FB-HTP systems worldwide. Some studies propose several types 7 
of unique FB-HTP systems with land vehicle platforms (Svensgaard et al., 2014; White 8 
and Conley, 2013; Andrade-Sanchez et al., 2014; Barmeier and Schmidhalter, 2016), 9 
aerial platforms like blimps, helicopters, and fixed wing planes (Chapman et al., 2014; 10 
Liebisch et al., 2015; Zamann-Allah et al., 2015; Gonzalez-Dugo et al., 2015). In recent 11 
year, the use of multicopter has been increasing in field phenotyping studies (Sankaran 12 
et al., 2015; Haghighattalab et al., 2016; Inostroza et al., 2016; Tattaris et al., 2016; Yu 13 
et al., 2016). The history and applications of unmanned aerial system in the field of 14 
remote sensing are well reviewed by Colomina and Molina (2014). However, many of 15 
these systems come with considerable costs and often require substantial skill to 16 
operate. In this paper, we will describe an alternative low-cost, Tower-based field 17 
phenotyping system (TBFPS). This system includes low cost RGB and NIR cameras 18 
mounted on stable, yet movable, low maintenance towers. Tower based phenotyping 19 
platforms have the additional advantages of unmanned continual operation and 20 
repeatability (Deery et al., 2014). 21 
To estimate rice yield related traits from towers, the conventional remote sensing 22 
approach using vegetation indices (VIs) is an efficient method. VIs have a long history 23 




































































estimate phenotypic traits such as rice yield (Mosleh et al., 2015). In the area of field 1 
based phenotyping (FBP), VIs are considered powerful tools in the estimation of 2 
important growth traits like chlorophyll concentration, nitrogen (N), leaf area index 3 
(LAI), leaf number, plant biomass, and yield (White et al., 2012). In regards to rice 4 
research, VIs and near infrared (NIR) imaging approaches have been widely applied to 5 
record crop phenology (Sakamoto et al., 2011), estimate LAI (Shibayama et al., 2011), 6 
leaf greenness (Shibayama et al., 2012), N uptake (Shibayama et al., 2009) and yield 7 
(Harrell et al., 2011; Tubaña et al., 2011; Mosleh et al., 2015). RGB derived parameters 8 
without NIR are also available for estimating chlorophyll content and leaf N 9 
concentration of rice (Wang et al., 2014). Moreover, hyperspectral imagery is used for 10 
crop phenotyping like estimating nitrogen content (Moharana and Dutta, 2016; He et al., 11 
2016), chlorophyll fluorescence (Zalco-Tejada et al., 2016), or constructing 12 
hyperspectral 3D plant models (Behmann et al., 2015) in recent years. 13 
Quantitative trait loci (QTL) analysis has become a powerful tool for identifying 14 
the genetic factors influencing quantitative traits like yield and other related traits. In 15 
recent years, QTL mapping studies have used rapid phenotyping methods like VIs 16 
together with conventional and manual phenotyping approaches. Under field conditions, 17 
QTLs of several crops (wheat (Pinto et al., 2010; Edae et al., 2014; Graziani et al., 18 
2014; Li et al., 2014; Li et al., 2015; Gao et al., 2015; Kumar et al., 2016), barley (Obsa 19 
et al., 2016), corn (Lu et al., 2012; Trachsel et al., 2016), potato (Khan et al., 2015), 20 
cotton (Pauli et al., 2016), and forage grass (Merewitz, et al., 2012; Merewitz et al., 21 
2014)) were successfully detected through the use of VIs. As for rice, Henry et al. 22 
(2015) evaluated QTL effects of NILs derived from IR64 rice under drought conditions 23 




































































VIs of plots were obtained by hand-held spectroradiometers like GreenSeeker (Tribmle 1 
Navigation Ltd., California, USA) or FieldScout series (Spectrum Technologies, Inc., 2 
Illinois, USA). In terms of the throughput, image-based remote sensing technologies 3 
can cover a large number of plots in a short time. Trapp et al (2016) identified dry 4 
bean’s QTLs for image-based NDVI obtained from a multicopter. However, QTL 5 
analysis using VIs have not been studied in rice. 6 
In this paper, we discuss the use of a simple TBFPS for estimating yield related 7 
traits in rice. The main objective of the present study is (1) to develop a TBFPS to 8 
estimate yield related traits in rice (2) to confirm the specific phenological stages at 9 
which the traits are highly correlated with spectral VIs to enhance early estimation 10 
efficiency and (3) to determine whether our FBP platform improves our ability to 11 







































































Materials and methods 1 
2.1. Plant materials and characteristics 2 
Table 1 shows the genotypes and homozygous transgenic lines of rice used in this 3 
study. In the 2012 experiment, six genotypes of rice and six homozygous NERICA4 4 
transgenic events (T1 to T6) carrying the pOsAnt1/AlaAT construct from Arcadia 5 
Biosciences at Brawley, California, USA were used. In the 2013 experiment, five 6 
genotypes of rice and three selected CSSLs (Ogawa et al., 2014a) derived from a cross 7 
between 'Curinga' and Oryza rufipogon (IRGC 105491) were used. While in the 2014 8 
experiment, 48 CSSLs and their parents were used.  9 
 10 
Table 1. Genotypes and check cultivars used in this study. 11 
Variety  Origin  Group  Ecosystem  Experiment  
NERICA4 Africa japonica x O. glaberrima  Lowland 2012 / 2013 
NERICA4: T1, T2, T3,T4, 
T5,T6 Arcardia Inc., NERICA4 + AlaAT gene Lowland  2012 
Curinga  Brazil  Tropical japonica  Upland  2012 / 2013 / 2014 
IR64  Philippines  indica  Lowland  2012  
Fedearroz 174  Colombia  indica  Lowland  2012 / 2013  
Fedearroz Mokari  Colombia  indica  Lowland 2012  
O. rufipogon (IRGC 105491)  South Asia  Wild speacies  -  2012 / 2013 / 2014 
CT21375  CIAT  indica  Lowland 2013  
CSSLs 106, 115 and 120  CIAT  Curinga x O. rufipogon  -  2013  








































































































































2.2. Experimental plot design of N omission field   1 
Paddy field experiments were carried out at the confined N omission field facility, 2 





21’W).The site receives 1000 mm annual rainfall, is 965 meters above sea level, and 4 
has an annual average temperature of 26 °C. Field experiments were conducted over 5 
three years (Fig. 1); one during a dry season (August to December, 2012), one during a 6 
rainy season (January to June, 2013), and again during a dry season (August to 7 
December, 2014). Residual N was depleted from the field trial site prior to planting by 8 
cultivating maize over two consecutive seasons with no fertilizer application (Ogawa et 9 
al., 2014b). The 2012 and 2013 experiments focused on the development of the tower 10 
based FBP platform and the confirmation of the best growth stages to estimate 11 
phenotypic traits. The 2014 experiment focused on the validation to the FBP platform 12 
methodology using CSSLs.  13 
The experiments were in a split plot design with three N treatments and three 14 
replicates for each treatment. There was a difference in plot size between years. In 2012 15 
and 2014, plot size was roughly 0.9 m
2
, while in 2013 plot size was 1.8 m
2
. Two 16 
different treatment regimens were applied. In 2012 and 2013, three N treatments were 17 
applied which consisted of 0kg, 90 kg or 180 kg of N. While in 2014 the 90 kg was 18 
omitted. The amount of 180 kg N ha
-1
 is Farmer’s practice (FP) in Colombia (Berrio et 19 
al., 2002), The 0 kg N treatment (Native) consisted of 0 kg ha
-1
 N application. The 90 kg 20 
and the 180 kg N treatments were split between three equal applications; 2 days after 21 
transplanting (DAT), 10 DAT, and 30 DAT. The other nutrients (KH2PO4; 70 kg, KCl; 22 
60 kg, ZnSO4: 25 kg, FeSO4: 80 kg, B: 0.4 kg and 60 kg of micronutrient ha
-1
) were 23 




































































Colombia at two DAT. Integrated agronomic practices were utilized throughout the 1 
duration of the experiments to control pests and weeds. Seeds were sowed in trays with 2 
soil and a single seedling was transplanted per hill at 21 days after sowing at a spacing 3 
of 20 cm between hills and 25 cm between rows. We also adopted staggered 4 
transplanting to synchronize the flowering time between the genotypes. To avoid 5 
nitrogen loss via ammonia volatilization and denitrification every N application was 6 
conducted over dry soil followed by mild irrigation.  7 





































































Fig. 1. Schedules of the three experiments in this study. Yield related traits were 2 
collected at harvest. Vegetation indices were derived from image data taken at each 3 
growth phase and compared to the yield related traits. 4 




































































2.3. Tower based field phenotyping system 1 
The phenotyping platform at CIAT consists of three towers installed around the N 2 
rice field. In this study, only two towers were used for image analysis (Fig. 2 (a)). The 3 
height of the towers are eight meters. The towers have been fitted with a multispectral 4 
single-lens reflex camera system for image acquisition.  5 
Our multispectral image system composed of two cameras; a single-lens reflex 6 
(SLR) camera D300s (Nikon Imaging Japan Inc., Tokyo, Japan) and a modified SLR 7 
camera D80 (Nikon Imaging Japan Inc., Tokyo, Japan). The Nikon D300s has three 8 
visible bands: red, green and blue. The Nikon D80 camera has single NIR band; it was 9 
modified with an inbuilt high pass filter IR-85 (HOYA Corp., Tokyo, Japan; transition 10 
wavelength > 850nm) on the CCD sensor to capture in NIR wavelength regions. 11 
Viewing angles are shown in Fig. 2 (b). Images from eight angles were captured from 12 
the side view and were processed and used to retrieve VIs. Each image was taken at 13 
around noon in order to keep the solar zenith angle minimum and avoid any shadow 14 
effects in the observed images. Imaging of plot areas were affected by the distance from 15 
towers, therefore multiple replication plots of the same genotypes (e.g. near plot, middle 16 
plot and far plot from towers) were averaged to minimize the influence. 17 





































































Fig. 2. Experimental map and viewing angles of this study (Year 2012: angle B, E, and 2 
H; Year 2013: angle A, D, and G; Year 2014: angle C and F). (a) Each square in the field 3 
represents target areas of this study. Measurements of three N treatment fields (0 kg 60 kg 4 
ha
-1
, and 180 kg ha
-1
) were held from two measurement towers (Tower 1 and Tower 2) by 5 
using two type of cameras (NIR camera and visible camera). (b) Examples of obtained 6 
visible images by this system. The inside areas of red lines represent target rice areas of this 7 
study. All example images were taken at flowering time. 8 
 9 




































































2.4. Image processing for calculating VIs 1 
Images obtained from the multispectral imaging system were processed in the 2 
following steps (Fig. 3). 3 
1) Image registration:  4 
Visible images obtained by the RGB camera are split to three bands (red, green, 5 
and blue). Adding NIR images to the red, green and blue images, the four images 6 
were transformed into the same coordinate system by affine transformation in the 7 
image registration tool of general remote sensing software ENVI (Exelis VIS, Inc., 8 
Boulder, USA). The transformation was based on the ground control points (GCPs) 9 
specified at the four vertexes of the rectangular field area between images.  10 
2) Conversion to reflectance:  11 
The original images are recorded as 8-bit digital numbers (DN). In this 12 
procedure, the DN values were converted to reflectance in order to normalize 13 
brightness variation. Conversion was performed by referencing to gray color box’s 14 
upper surfaces installed in the field as reflection references. The reflectance        15 
of the target pixel at coordinates (x, y) in the wavelength   image was 16 
proportionally defined as: 17 
       
     
      
                                (1) 18 
where        ,        , and        represents the digital number of the target 19 
pixel, the digital number of the gray box reference, and the reflectance value of the 20 
gray box reference, respectively.         were obtained by averaging pixel’s DN 21 
within the gray box area in the images. Prior to the experiment, reflectance of the 22 
gray color boxes        was measured using a spectrometer V-570 (JASCO Corp., 23 




































































Japan) under laboratory conditions. The measurement wavelength range was set 1 
from 400 nm to 1200 nm with a spectral resolution of 1 nm. The reflectance values 2 
at the peak wavelengths of each multispectral band were used for the calculation (1). 3 
Because the reflectance of the gray boxes was almost constant in each camera 4 
spectral band, we did not integrate the spectrum to match the wavelength resolution 5 
between the cameras and the spectrometer by using camera’s spectral response 6 
functions. 7 
3) Geometric transformation: 8 
As images were obtained from the towers and thus were not from nadir, the 9 
rectangular shape of the rice fields were distorted within the images to a trapezoid. 10 
By skew correction, distorted field images are geometrically transformed to 11 
rectangle shape in order to make plot area separation easier on the images. The 12 
affine transformation and nearest neighbor algorithm were used as geometrical 13 
transformation methods during image registration within ENVI. 14 
4) Specification of plot areas: 15 
After skew correction, we specified the assessment area of each plot manually. 16 
The areas were selected to include only the upper side of the crop canopy. At the 17 
upper planes of the canopy, reflectance characteristics comparatively change based 18 
on the period of rice growth (ex. leaves are dominant on vegetative phase or 19 
panicles are dominant after flowering time). The plot areas were selected by using 20 
the region of interest tool of ENVI. Reflectance of each plot area was derived by 21 
averaging all pixels within the plot area. These reflectance values were used for the 22 
variables in the VI’s formulas described below. 23 




































































We calculated VIs and canopy cover index (CC) of each plot area separately. 1 
The VIs and CC were automatically calculated by using our developed IDL program 2 
(Exelis VIS, Inc., Boulder, USA). 3 
In total 11 VIs were used in this study (Table 2). We selected general VIs from 4 
previous reports for validation (Silleos et al., 2006; Jones and Vaughan, 2010). In 5 
2014, we selected six VIs (SR, NDVI, CTVI, SAVI, DVI, MSAVI) based on the 6 
results of the 2012 and 2013 experiments. In regards to the VIs, both the 7 
Transformed Vegetation Index (TVI) and Corrected Transformed Vegetation Index 8 
(CTVI) are modifications of NDVI. The Soil-Adjusted Vegetation Index (SAVI) is 9 
intended to minimize the background soil effect on the vegetation signal by 10 
incorporating a constant soil adjustment factor L into the denominator of the NDVI 11 
formula. In order to reduce the soil effect, the Perpendicular Vegetation Index (PVI), 12 
Transformed Soil-Adjusted Vegetation Index (TSAVI), and Weighted Difference 13 
Vegetation Index (WDVI) use 'soil line' parameters in their equations. In order to 14 
acquire the soil line parameters from the images, we sampled various bare soil 15 
pixels around the rice plot. From the sampled pixels, we drew a linear regression 16 
line defined as a soil line in red and NIR reflectance space. Then we defined the 17 
slope and intercept parameters of the soil line as the objective soil line parameters. 18 
CC is one of the most important parameters in every imaging platform for crop 19 
phenotyping (Table 2). It is well known that CC is a good indicator of plant early 20 
growth development, because CC is positively correlated to tiller number, LAI, and 21 
biomass (Li et al., 2010). Here CC is defined as the proportion of pixels covered by 22 
canopy against the total of the whole area's pixels. CC is often derived from the red 23 




































































whereas our imaging system adopted NDVI as the indicator of foliage pixels. The 1 
threshold of NDVI was determined by the iterated discriminant analysis method 2 
(Otsu, 1975). CC is normally derived from images viewed from nadir, while we 3 
investigated the usability of CC obtained from towers, which provided non-nadir 4 
images, in this study.  5 
 6 
 7 
Fig. 3. Flowchart of image processing for calculating VIs and CC. 3) Geometric 8 
transformation: Distorted original images (Left) were geometrically transformed to images 9 
that plot area is rectangle shape (Right). 4) Specification of plot areas: rectangle areas were 10 
target plot areas that were designated manually from images. 5) VIs and CC were 11 
automatically calculated on specified plot areas by created IDL programs. An example of 12 
the spatial variation of Simple Ratio (SR) is shown in the figure. All example images in this 13 
figure were taken at the 180 kg ha
-1
 nitrogen field of flowering time in the 2013 experiment. 14 




































































Table 2.  VIs formula used in this study. This study compared total 11 VIs. ρNIR, ρRed, and ρGreen indicate 1 
spectral reflectance in the NIR, Red and Green bands, respectively.  2 
 3 
  4 
Vegetation Index  Formula  Reference  
Simple ratio  
   
    
    
 
Birth and McVey (1968)  
Normalized Difference 
Vegetation Index 
     
         
         
 
Rouse et al. (1974)  
Green Normalized Difference 
Vegetation Index 
      
           
           
 
Gitelson et al. (1996) 
Transformed Vegetation Index 
     
         
         
     
Derring et al. (1975) 
Corrected Transformed 
Vegetation Index  
     
        
             
                
Perry and Lautenschlager 
(1984)  
Soil-Adjusted Vegetation Index  
     
         
           
      
Huete (1988)  
Difference Vegetation Index  
              
Tucker (1979)  
Perpendicular Vegetation Index  
    
              
     
 
Perry and Lautenschlager 
(1984)  
Transformed Soil-Adjusted 
Vegetaion Index  
      
               
                      
  
 
Baret and Guyot (1991)  
Modified Soil-Adjusted 
Vegetation Index  
     
 
                  
              
 
 
Qi et al. (1994)  
Weighted Difference Vegetation 
Index  
                
Richardson and Wiegand 
(1977); Clevers (1988)  




































































2.5. Trait measurement and regression analysis 1 
In this experiment, six yield related traits were measured at harvest: panicle 2 
number (PN), grain weight (GW), shoot biomass (SB), grain sterility percentage (GS), 3 
plant height (PH), and panicle length (PL). Significant variations in analysis of variance 4 
(ANOVA) were observed in agronomic traits between the genotype, N treatment, and 5 
their interactions (Table 3). To demonstrate the feasibility of VIs to estimate the 6 
phenotype, regression analyses were performed. Simple linear regression was used as a 7 
statistical prediction model between the six yield related traits and 11 VIs. The VIs were 8 
derived from the images captured at key phenological growth stages of rice (Fig. 1). The 9 
points of time were the followings: early vegetative phase (EV), late vegetative phase 10 
(LV), panicle initiation (PI), flowering stage (FL), and dough grain stage (DG) in the 11 
2012 experiment; late vegetative phase -A (LVA), late vegetative phase –B (LVB), 12 
flowering stage (FL), milk grain stage (MKG), dough grain stage (DG), mature grain 13 
stage (MTG) in the 2013 experiment; panicle initiation (PI), flowering stage (FL), and 14 
dough grain stage (DG) in the 2014 experiment. The analyses included all N treatments 15 
to make the regression model. Replicates of the same genotypes were averaged before 16 
the regression analysis. Sample sizes were 36 (12 genotypes × three treatments) in the 17 
2012 experiment and 24 (eight genotypes × three treatments) in the 2013 experiment. 18 
The acquired coefficients of determination (R
2
) was evaluated and discussed.  19 
As a first step, the spatial and temporal (growth stage) variations within each of the 20 
VIs were examined. The spatial variation in yield related traits at harvest were also 21 
examined. Using the Simple Ratio (SR) as an example, we confirmed which factors or 22 
genotypic variations caused the correlation between VIs and yield related traits in the 23 




































































for the yield related traits estimation. We did this by comparing the R
2
 results between 1 
the six yield related traits and the all VIs obtained at flowering stage in the 2012 and 2 
2013 experiment. The flowering stage was selected based on the R
2
 values which 3 
revealed the best performance occurred during this stage. This is supported by previous 4 
work which suggested that peak greenness often coincides with flowering and thus is 5 
used in the event of forecasting rice yield (Mosleh et al., 2015). Third, to confirm the 6 
effective image capture periods, we examined the time series of R
2
 between grain 7 
weight and VIs during rice lifecycle in the both 2012 and 2013 experiments. We focused 8 
only on grain weight, because it is one of the most important traits related to agronomic 9 
N use efficiency. Forth, we determined the best VI and imaging time for grain weight 10 
estimation by examining R
2 
values of reproductive phases in detail. Finally, under N 11 
deficit conditions, we estimated the response of grain weight by using the best VI and 12 
imaging time. Specifically, multiple comparison of grain weight was performed between 13 
different N treatments on each genotype. The different N treatments and genotypes were 14 
separately handled in this analysis. Multiple comparison of the VI was also performed 15 
similarly. Sample sizes of each comparison were nine on the VI and 21 on grain weight 16 
at the maximum. 17 
 18 




































































Table 3.  Significant difference (ANOVA) of selected yield related traits under three different N 1 
applications over two seasons. In the table, Genotype and Treatments indicates main effects and G x T 2 
indicates their interactions in the ANOVA tests. 3 
  
 
PN GW SB GS PH PL 
2012 
Genotype ** ** ** ** ** ** 
Treatment ** ** ** ** ** ** 
G x T * ** ** ** ** ** 
2013 
Genotype ** ** ** ** ** ** 
Treatment ** ** ** ** ** ** 
G x T NS ** ** ** ** * 
2014 
Genotype ** ** ** ** ** ** 
Treatment ** ** ** NS ** ** 
G x T ** ** ** ** ** ** 
PN: Panicle number; GW: Grain weight; SB: Shoot biomass; GS: Grain sterility percentage; 
PH: Plant height; PL: Panicle length 
 *, ** indicate significance at 0.05 and 0.01 levels, respectively. NS indicates no significance  




































































2.6 Identification of QTLs using image-based field phenotyping system  1 
In the 2014 experiment, regression analyses between yield related traits and VIs 2 
were conducted to detect the coefficients of determination (R
2
). This data was used to 3 
conduct the QTL analysis. The QTL analysis was based on the Student’s t-test of mean 4 
differences between each CSSL and the parent, Curinga (CSSL finder, Lorieux, 2005). 5 
The six VIs and the six yield related traits were used. The QTL detection was performed 6 
using both temporal replications, with a significance threshold of P < 0.001 applied to 7 
avoid false positives. Genotypic data sets consisting of 238 BeadXpress SNP markers 8 
(Thomson et al., 2012) were generated in the McCouch lab at Cornell University. Rough 9 
linkage maps were constructed from the SNP data using CSSL Finder v. 0.91 (Lorieux, 10 
2005). 11 





































































3.1. Spatial and temporal variation in SR and yield related traits at harvest.  2 
Fig. 4 shows examples of the spatial and temporal variation in Simple Ratio (SR) 3 
derived from the remote sensing system in the 2012 experiment. In the figure, the six 4 
yield related traits at harvest were also shown. SR reflects time series of rice greenness 5 
conditions. In the vegetative phase from EV to PI, SR increased with the increase of 6 
greenness within the rice canopy. SR peaked during PI, after which it decreased through 7 
FL to DG. Yield related traits, except for GS, showed significant differences among N 8 
treatments (Table 3). Increased N application rates had a positive effect on the SR 9 





































































Fig. 4. Spatial and temporal variation in Simple Ratio (SR) and yield related traits at 2 
harvest in the 2012 experiment. SR is a vegetation index derived from the remote sensing 3 
images. Each SR indicated the values calculated from averaged reflectance on each plot for 4 
statistical analysis. Six yield related traits represents as follows; shoot biomass (SB), plant 5 
height (PH), panicle number (PN), panicle length (PL), grain weight (GW), and grain 6 
sterility percentage (GS). Genotypes indicated the plot position of genotypes in the 2012 7 
experiment. Each abbreviation represents; Fedearroz 174 (F174), Fedearroz Mokari (FM), 8 
CRG (Curinga), RPG (O. rufipogon), IR64 (IR-64), N4 (NERICA 4) including wild type (WT) 9 
and transgenic lines (T). 10 






































































 values of 11 VIs and CC versus yield related traits at flowering stage 1 
For 11 VIs and CC versus six yield related traits at flowering in the 2012 and 2013 2 
experiment, R
2
 values are shown in Fig. 5. Among the six yield related traits tested SB, 3 
PN, and GW showed higher R
2 
values, which indicated that these three yield related 4 
traits are possibly estimable by this system. The other three traits (GS, PH, and PL) 5 
showed considerably lower R
2 
values, indicating that estimation of these traits may not 6 
possible by our system.  7 
With regards to the three promising yield related traits (SB, PN, and GW), soil-line 8 
based VIs (PVI, TSAVI, and WDVI) were often worse than non soil-line based VIs. 9 
Adding to this, the R
2
 values of the soil-line based VIs greatly varied between the two 10 
experiments. As expected, TVI and CTVI behaved similarly to NDVI and SR, since 11 
these indices were modified form of NDVI by definition. Compared to NDVI, GNDVI 12 
showed lower R
2
 values in the 2012 experiment. However, it showed a similar result in 13 
the 2013 experiment. The R
2
 values of SAVI and MSAVI were similar to NDVI, but 14 
their ability to estimate shoot biomass and panicle numbers were found to be lower in 15 
the 2012 experiment and higher in the 2013 experiment than NDVI.  16 
At the flowering stage, CC indicated worse R
2
 results than other VIs in most of the 17 






































































Fig. 5. The coefficient of determination (R
2
) for 11 VIs and CC versus six yield traits at 2 
flowering stage in the 2012 and 2013 experiment. The bar colors represent the difference of 3 
two experiment; black bars represent the 2012 experiment and white bars represent the 4 
2013 experiment. Statistical analyses were performed by using linear regression analysis: * 5 
represents significant at 0.01 level and no symbol means no significance.  6 
 7 




































































3.3. The time series of R
2
 values of VIs and CC versus grain weight during the rice 1 
growing stages. 2 
Fig. 6 shows the time series of R
2
 for the VIs and CC versus GW during the 2012 3 
experiment (a, b, and c) and 2013 experiment (d, e, and f).  4 
Fig. 6 (a), (b), and (c) shows the results of the 2012 experiment. For VIs without 5 
soil line parameters (Fig. 6 (a) and (b)), the result of NDVI, TVI, and CTVI were 6 
similar to SR. The R
2
 values of these indices consistently increased during the 7 
vegetative phase from EV to LV and remained relatively unchanged until the DG stage 8 
(from 0.7 to 0.8 in R
2
). DVI, SAVI, and MSAVI did not show differences with SR and 9 
NDVI after the late vegetative phase. However, at early vegetative phase, DVI, SAVI, 10 
and MSAVI showed about 0.2 or 0.3 higher R
2
 than SR and NDVI. From the viewpoint 11 
of applied color bands, NDVI showed better results than GDVI during the crop life 12 
cycle. 13 
In the results of the soil line based VIs (Fig. 6 (c)), WDVI and TSAVI resulted in 14 
the highest R
2
 values from EV to LV as well as for DVI. After LV, WDVI showed 15 
similar changes to VIs without soil line parameters in Fig. 6 (a, b). On the other hand, 16 
The R
2
 values of TSAVI kept about 0.6. PVI was generally unstable during all growth 17 
stages as compared to TSAVI and WDVI. Especially PVI had the lowest R
2
 value, 18 
because we could not obtain appropriate soil line parameters at flowering in the 2012 19 
experiment. PVI and TSAVI rarely showed higher R
2
 values than that of WDVI or VIs 20 
without soil line parameters. The R
2
 values of CC were lower than that of VIs during 21 
almost all growth stages. 22 
Fig. 6 (d, e, and f) shows the time series of R
2
 for nine VIs and CC versus GW in 23 




































































VIs had the same trends of R
2
 unlike the 2012 experiment; R
2
 values increased during 1 
vegetative phase and reached the peak at reproductive phase around FL, then it dropped 2 
down after ripening phase (DG and MTG). The common characteristics of VIs between 3 
2012 and 2013 experiment is that almost all of VIs without soil line parameters showed 4 
high R
2
 values in DG and MTG. During the growth period, the R
2
 peaks of VIs were at 5 
the same flowering times between the both experiments. 6 
For soil-line based VIs (PVI, TSAVI and WDVI), R
2
 values were unstable and 7 
greatly changed depending on the growth stage (Fig. 6 (f)). These characteristics are the 8 
same with that of the 2012 experiment. In the 2013 experiment, the R
2
 of CC during 9 
vegetative phase was worse than the VIs in similar with the 2012 experiment. 10 







































































Fig. 6. Time series of the coefficient of determination (R
2
) for nine VIs and CC versus grain weight 4 
in the 2012 (a, b, c) and 2013 (d, e, f) experiment. (a, b, d, e) The results of VIs without soil line 5 
parameters are shown. (c, f) The results of soil line based VIs and CC are shown. In the all figures, 6 
R
2
 were calculated from grain weight at harvest versus VIs at several imaging times during rice 7 
growing stages. The imaging times were follows; in the 2012 experiment, early vegetative phase (EV, 8 
DAT 19), late vegetative phase (LV, DAT 35), panicle initiation (PI, DAT 49), flowering stage (FL, 9 
DAT 70), and dough grain stage (DG, DAT 88), and in the 2013 experiment, late vegetative phase -A 10 
(LVA, DAT 36), late vegetative phase -B (LVB, DAT 43), flowering stage (FL, DAT 65), milk grain 11 
stage (MKG, DAT 81), dough grain stage (DG, DAT 90), and mature grain stage (MTG, DAT 99). 12 
 13 
 14 






































































 for VIs versus grain weight at the reproductive phases 1 
From the results of 3.3, it is confirmed that VIs obtained at reproductive phases 2 
(panicle initiation, flowering and milk grain stage) were promising indicators for grain 3 
weight estimation in both experiments. Fig. 7 (a) shows the R
2
 for 11 VIs and CC versus 4 
GW at PI (2012), FL (2012 and 2013), and MKG (2013).  5 
Among the combination of the 11 VIs and CC with three growth stages, SR, NDVI, 6 
TVI, CTVI, SAVI, and MSAVI exhibited higher correlation at flowering stage in both 7 
experiments. These VIs had similar performance during the growth stages. Above all, 8 
SR at FL (2012) indicated the highest R
2
 value (0.80) during the reproductive phases 9 
(Fig. 7 (b)). The R
2
 values of SR at the other growth stages were also higher; 0.69 at PI 10 
(2012) and 0.54 at MKG (2013).  11 
In general, R
2
 values of the 2012 experiment were higher than 2013 in all the crop 12 
stages studied. In 2012, DVI indicated lower R
2
 values at FL but showed relatively 13 
higher R
2
 values at PI. The R
2
 values of soil-line based VIs (PVI, TSAVI, and WDVI) 14 
were unstable and varied widely depending on the growth stage. WDVI had a good 15 
correlation to yield related traits in 2012, but the correlation was poor in the 2013 16 
experiment. There were some differences among visible bands using the NDVI formula. 17 
The R
2
 values of GNDVI were lower than NDVI throughout the crop stages in the both 18 







































































Fig. 7. (a) The coefficient of determination (R
2
) for 11 VIs and CC at panicle initiation 2 
(2012), flowering stage (2012, 2013), and milk grain stage (2013) versus grain weight. 3 
Statistical analyses were performed by using linear regression analysis: * represents 4 
significant at 0.01 level and no symbol means no significance. (b) The scatter plot between 5 
grain weight at harvest and SR at flowering in the 2012 experiment. 6 
 7 




































































3.5. Estimation of grain weight with response to different N application by using SR at 1 
flowering stage in the 2012 experiment 2 
To show VI's ability to estimate GW at harvest, an example of the analysis is 3 
shown in Fig. 8. This analysis is based on SR obtained at FL and GW under different N 4 
treatments, the graph shows the response of genotypes on GW with different N 5 
applications in 2012. A One-way factorial ANOVA and multiple comparisons were 6 
performed to study the differences between N applications on GW and SR, respectively.  7 
 8 
Fig. 8. The response of grain weight at harvest and SR at flowering stage to different N 9 
applications in the 2012 experiment. Columns marked by different letters differ significantly 10 
at P < 0.01 by Tukey Kramer test. Error bars show the standard error of the mean.  11 
  12 
From Fig. 8, it is clear that SR reflected the variations among different N 13 
treatments. The SR and GW indicated high correlation (R
2
 = 0.80) and similar 14 




































































response to increased N applications.  1 
In the view of the variation among genotypes, GW was clearly different. SR also 2 
reflected the characteristics of several genotypes. For example, SR of Fedearroz 174 and 3 
Fedearroz Mokari were relatively higher than other genotypes at each N application, 4 
which implies the higher GW. In contrast, there were some exceptions. For instance, SR 5 
of IR64 tended to be relatively lower, although its GW was higher than the other 6 
genotypes studied. Similarly, SR of N4-T5 tended to be higher, in spite of its low GW.  7 
The result of multiple comparisons on each genotype revealed that the ranks of SR 8 
and GW among N applications were consistent in most of the genotypes (Fedearroz 174, 9 
Fedearroz Mokari, Curinga, O. rufipogon, N4-WT, N4-T1, N4-T3, N4-T4, and N4-T6). 10 
Only a few genotypes showed inconsistency in rankings. SR of IR64, N4-T2 and N4-T5 11 
could not detect differences in grain weight between FP and 50% FP.  12 
 13 




































































3.6. QTLs identified by image-based field phenotyping system 1 
For 2014, R
2
 values between yield related traits and VIs indicated higher during the 2 
reproductive phase, a trend inline with the 2012 and 2013 results. Out of the yield 3 
related traits studied, GW and SB showed higher R
2
 values at PI or FL than that of DG. 4 
R
2 
values of GW at PI were highest, the values ranged from 0.28 < R
2
 < 0.48, P<0.001 5 
with all detected VIs. On the contrary, R
2
 values of the other traits were very low. 6 
Correlation among the six VIs (SR, NDVI, CTVI, SAVI, DVI, MSAVI) revealed a 7 
significant positive correlation (P<0.001). 8 
In this study, we have identified a total of eight QTLs on chromosomes 4, 7, 8, 9, 9 
11 and 12 using VIs derived from image-based method. Among them, six QTLs on 10 
chromosomes, 4, 8, 9, 11 and 12 were consistently identified by all VIs (Table 4). On 11 
the other hand, using conventional agronomic data, we found two QTLs for GW and PN 12 
on chromosomes 3 and 12, respectively. QTLs for SB, PH, PL, and GS were not 13 
identified in this study. 14 
Interestingly, the detected panicle number QTL on chromosome 12 using yield 15 
related traits overlapped with QTLs identified using VIs at PI (Table 4). We have found 16 
a common QTL between two methods, but the other five QTLs on chromosomes 4, 8, 9, 17 
11, 12 were detected only by the image method.  18 
 19 




































































Table 4. List of QTLs identified by all VIs derived from FBP imaging system under different N 1 
conditions 2 
 3 
Trait Stage Treatment  Chr. Marker  Position (Mb) 
VIs Panicle initiation Native 4 id4007444-id4011696 22.83-34.11 
VIs Panicle initiation FP 12 id12001102-id12005677 2.43-16.74 
VIs Flowering Native 8 id8004756- id8005810 17.94-21.18 
VIs Flowering FP 9 id9000233-id9000580 0.88-10.75 
VIs Flowering FP 11 id11001777-id11005855 15.81-18.69 
VIs Flowering FP 12 id12006190-id12008796 18.59-24.85 
Grain weight  Harvesting  FP 3 id3002476-id3004123 4.32-7.68 









































































In this study, we discuss an easy-to-deploy and tower-based phenotyping system as 2 
well as the performance of phenotyping by multispectral imaging devices under a field 3 
environment. Using this constructed field phenotyping system, we examined six yield 4 
related traits of rice (panicle number, grain weight, shoot biomass, grain sterility 5 
percentage, plant height, and panicle length). Although only the upper side of the 6 
canopy structure was visible from the towers and treated as the analysis region in our 7 
image processing system, the three important yield related traits (panicle number, grain 8 
weight, and shoot biomass) resulted in being estimable. No correlation between grain 9 
sterility percentage or panicle length was found with any VIs, because our system 10 
lacked the spatial resolution to discriminate the panicle or flowers in detail. Since this 11 
system sensed only upper plane of rice canopy, it was very difficult to acquire the 12 
information of plant height. In addition, the different imaging directions (Fig. 2 (b)) may 13 
affect the estimation of plant height. Estimation of plant height would be possible if we 14 
included canopy size as an analysis input. The structure from motion (Díaz-Varela et al., 15 
2015), multi-view stereovision (Zhang et al., 2016), or 3D lidar techniques (Omasa et 16 
al., 2007; Lin, 2015) might enable this system to estimate plant height. 17 
CC has the potential to represent plant growth development at early growth stages 18 
(Li et al., 2010). However, in our study it showed the worse performance of all of the 19 
VIs. The different image orientations from the towers may have been the cause, as CC is 20 
normally derived from field images taken from nadir. The oblique angle caused 21 
variations in spatial resolution across the study area. Because of the low pixel resolution, 22 
segregation between plant and non-plant regions was not possible from the towers. 23 




































































and WDVI) did not result in useful tools for estimation. As for soil-line based VIs, the 1 
parameters would be remarkably affected by the conditions of the sampled soil for 2 
soil-line regression. Therefore, it was difficult to draw the soil line appropriately every 3 
time since the field environment changes the surface based on the availability of 4 
irrigation water. The bidirectional reflectance distribution function (BRDF) effect may 5 
have caused this poor performance of soil-line based VIs. PVI, TSAVI and WDVI had 6 
no function to cancel the BRDF effect in their formulas. 7 
The results of the modified indices (TVI and CTVI) were similar to the original 8 
NDVI in this study, which means that NDVI was sufficient for yield estimation from the 9 
viewpoint of simplicity of the calculation. The similar performance of the modified 10 
indices is not surprising in this experimental set up, because the variations of most of 11 
the agronomical traits were artificially generated by different N fertilizations. 12 
In the estimation of grain weight NDVI exhibited better performance than GNDVI. 13 
This might be attributed to the ability of the red band to register differences among 14 
some vegetation properties which were not discernable in the green band. Gitelson et al., 15 
(1996) reported that the green band exhibits a wider range of chlorophyll sensitivity 16 
than the red band under dense leaf or pigment conditions. Possible causes of this 17 
discrepancy in findings may include the broad sensible wavelength of the green channel 18 
in the commercial RGB camera used (i.e. red and blue light effects the green channel) 19 
and/or the low leaf density of our rice plots.  20 
In terms of grain weight estimation, the most appropriate time to take images was 21 
around flowering (Fig. 6 and Fig. 7). This result agrees with previous work (Mosleh et 22 
al., 2015), which confirms that our imaging system is functioning normally. Earliness of 23 
rice growth may cause the increase of R
2




































































earliness, late flowering cultivars result in better yield performance than early flowering 1 
cultivars. In the 2012 experiment, late flowering cultivars kept the greenness at 2 
flowering time, while early flowering cultivars decreased canopy greenness with the 3 
progression of the flowering. Therefore, it seems that VIs effectively detected the higher 4 
yielding cultivars. From this result, the timing of image capture is very important for the 5 
performance of rice yield traits estimation. 6 
SR at flowering stage of the 2012 experiment exhibited the best performance to 7 
estimate the grain weight at harvest (R
2
=0.80) throughout all the experiments. This 8 
value is close to the result found by Swian et al., 2010 where they used an aerial 9 
platform and NDVI to estimate rice yield (R
2
=0.76) at a mid-growth stage. Furthermore, 10 
the R
2
 value of this study is higher than the result of a NDVI regression model obtained 11 
through the use of the Green Seeker sensor (R
2
=0.36; panicle initiation and R
2
=0.42; 12 
panicle differentiation) reported by Harrell et al. 2011. Results of 2013 experiment 13 
showed that R
2
 of VIs increased throughout the growth stage and reached a peak during 14 
the reproductive phase (flowering and milk grain stage), then the R
2 
dropped after the 15 
ripening phase (dough grain stage and mature grain stage). Rice canopies around 16 
flowering time reflect the situation of rice plant with higher chlorophyll content in the 17 
shoot, which may improve the correlation. The reason why R
2
 decreased after the 18 
ripening phase is related to the senescence of plant leaves. In the 2012 experiment (Fig. 19 
4), R
2
 of vegetation indices did not decrease because we did not capture the images after 20 
dough grain stage.  21 
At the flowering stage SR, NDVI, TVI, CTVI, SAVI, and MSAVI suggested an 22 
ability to estimate grain weight in spite of differences in growth conditions between the 23 




































































experiments; plot size, replicates used for image analysis, environmental factors like 1 
temperature, precipitation and radiation. Notably, higher radiation and rainfall was 2 
observed in the 2013 experiment. These environmental conditions potentially created 3 
variations in response to N treatments between the experiments. The R
2
 values in the 4 
2012 experiment were higher than 2013 (Fig. 5). There are two possible causes for this 5 
difference. The first one is the number of replications used for image analysis. In 2012, 6 
we used three replicates to estimate yield traits using VIs, while in 2013 only two 7 
replicates were used.  The second reason may relate to the genetic nature of genotypes 8 
used in the experiments. In 2012, out of 12 lines studied, seven were derived from 9 
similar background that is NERICA4. These transgenic lines were homozygous and 10 
differed in only one gene. On the other hand, in 2013 experiment we used diverse lines 11 
compared to 2012. Therefore, flowering and maturity patterns among the lines were 12 
different. Even though we tried our best to homogenize the flowering time between the 13 
genotypes in 2013, the developmental phenology varied between the genotypes.  We 14 
believe this technology can be useful in situations where the lines are from similar 15 
genetic backgrounds. Although there was a significant difference in overall agronomic 16 
performance between the experiments, indices namely SR, NDVI, TVI, CTVI, SAVI 17 
and MSAVI exhibited consistent performance. 18 
 In comparison of the QTL results from the two different phenotyping methods 19 
(image and conventional- ground truth data), we found that the image based 20 
phenotyping method proved more accurate than conventional methods in the dissection 21 
of complex traits. Furthermore, traditional phenotypic measurements did not have 22 
sufficient power to study relatively complex traits such as shoot biomass.  23 




































































panicle initiation overlapped with QTLs for panicle number identified using ground 1 
truth agronomic data. This clearly implies that a developed phenotyping system can be 2 
useful in the identification of QTLs and may lead to gene discovery. However, QTLs 3 
detected on chromosome 4, 8, and 9 (dry season experiment, February to June in 2014) 4 
by VIs were not present in the QTL analysis using ground truth agronomic data. 5 
Interestingly, these three QTLs overlapped with the QTL regions for shoot biomass on 6 
chromosome 4, SPAD values on chromosome 8, and panicle number on chromosome 9. 7 
These findings are in line with those reported by Ogawa et al., 2016 in the same 8 
environment. The co-location of QTLs across the genetic background in rice was 9 
previously reported in tiller number on chromosome 4 (Zhou et al., 2013) and 10 
chromosome 12 (Wissuwa et al., 1998). 11 
Our study clearly demonstrates that to dissect the variation in complex traits like 12 
grain weight and shoot biomass, the image based method is the better option compared 13 
to the conventional QTL analysis based on ground truth agronomic data. Compared to 14 
traditional phenotyping, the image-based method represents a novel real time 15 
monitoring tool that can facilitate major advances in plant functional genomics and crop 16 
breeding. These results clearly demonstrate that the image-based method has a potential 17 
to detect QTLs which cannot be identified by conventional QTL analysis. In the future, 18 
the TBFPS imaging system might be used to map the QTLs for different abiotic stresses. 19 
Considering the relatively small population size and the fact that separating QTL-by-N 20 
treatment interaction was not possible, the results must be regarded as preliminary and 21 
further validation is required. 22 
 23 





































































We examined the tower derived VIs to estimate rice yield components of different 2 
rice genotypes using commonly available commercial SLR cameras. This study 3 
supports the use of crop images to predict yield and yield related traits prior to harvest. 4 
The main contributions of this research are: 1) our results suggest the best physiological 5 
stage for capturing images is around flowering, 2) some promising indices (SR, NDVI, 6 
TVI, CTVI, SAVI, and MSAVI) correlated to grain weight in spite of the differences of 7 
the growth conditions, 3) SR at flowering stage can correlate to grain weight at harvest 8 
(R
2
 is 0.80), and 4) we identified the QTL region regulating panicle number under 9 
different N treatments using this imaging system.  10 
Based on these results, this TBFPS could help us screen a large number of 11 
germplasm against various biotic and abiotic stresses based on the yield performance. 12 
However, as environmental conditions change, for example under drought, we would 13 
need to further validate the system. In the future, it might be possible to automate much, 14 
if not all, of the image processing. Unsupervised image processing is necessary for 15 
automated HTP and scaling up to the large datasets. Especially computer-based plot 16 
area assignment may be essential function to realize fully automated HTP for this study. 17 
Additionally, arranging web-based software will allow crop breeders to operate HTP 18 
analyses more rapidly. Real time field based HTP monitoring system demonstrated in 19 
this study will hopefully address some of the environmental and sustainable agricultural 20 
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* means p<0.1 
(c) Panicle number 
(e) Grain weight 
(a) Shoot biomass 
(f) Grain sterility percentage 
(b) Plant height 
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10 35 60 85 110 10 35 60 85 110 
（a）VIs without soil line parameters （b） VIs without soil line parameters （c）VIs with soil line parameters and CC 
Year 2012 
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SR at 2012 Flowering stage 
y = 24.93x – 40.505 
R2 = 0.80 
n = 36 










































N application (kg ha-1) 
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